ABSTRACT Simultaneous acquisition of channel state information (CSI) of many devices with high accuracy is crucial to provide the Internet-of-Things (IoT) connectivity in cellular networks. A traditional channel estimator in cellular networks adopts the orthogonal pilot structure, which cannot provide high scalability for many IoT devices without a significant increase of pilot overhead. To overcome such a limitation, we propose a novel channel estimator based on non-orthogonal pilot signals for frequencydivision duplex (FDD) based uplink cellular IoT networks. The proposed scheme provides an interferencecanceled environment during the channel estimation procedure by reconstructing the non-orthogonal pilot signals and removing their effects. Consequently, the proposed scheme can increase the number of available pilot signals without any increase of pilot overhead, which makes the BS spectral-efficiently accommodate more IoT devices with full exploitation of antenna technique. The numerical results verify the effectiveness of the proposed scheme on supporting more IoT devices at the expense of a slight loss of the channel estimation accuracy, compared to the conventional discrete Fourier transform (DFT)-based channel estimator, from the viewpoint of a mean squared error, a bit error rate, and a network throughput.
I. INTRODUCTION
Internet-of-things (IoT), which connects a massive number of IoT devices with a wide range of applications through IPbased networks, has been considered as a key enabler for Industry 4.0 [1] . Gartner expects that billions of IoT devices will be connected to the networks by 2020 via various types of communication protocols, such as LTE/LTE-A, LTE-M, NB-IoT, LoRa, and SigFox [2] . Such ever-increasing number of IoT devices poses several challenges on the current communication systems. Especially, the spectral-efficient radio resource management for supporting ultra-high density of IoT devices has been still regarded as one of the challenging issues to be tackled [3] .
Due to the cost-effectiveness of the existing cellular infrastructure, the extensive research efforts have been recently devoted to accommodating a large number of IoT devices with a limited amount of radio resources in cellular networks.
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The multi-packet reception (MPR) based on superposition coding was proposed in [4] , [5] , which enables the multiple IoT devices to share the same radio resources even if a base station (BS) is equipped with a single antenna. Recently, various non-orthogonal multiple access (NOMA) mechanisms, such as a sparse code multiple access (SCMA), a multiuser shared access (MUSA), and a resource spread multiple access (RSMA), have been also proposed to simultaneously support multiple devices [6] , [7] and showed their feasibility on significantly increasing the spectral efficiency. For successfully implementing those of techniques, a priori knowledge to the BS is uplink channel state information (CSI), however, most of studies are conducted under the assumption of perfect CSI at the BS [8] .
It is obvious that the accuracy of channel estimation highly affects the decoding performance of data packets, so acquisition of uplink CSI becomes more important in such resource sharing scenario. Traditionally, the pilot signals (or reference signals) with an orthogonal structure have been employed for reliable and accurate channel estimation. For example, discrete Fourier transform (DFT) based channel estimation has been widely applied in LTE/LTE-A systems due to its low complexity for implementation [9] - [11] . However, it may be hard to directly support a large number of IoT devices in the existing cellular networks due to the following reasons; i) the number of generable orthogonal sequences is limited for finite sequence length, which implies that a scalability cannot be provided with the orthogonal structure, and ii) more radio resources should be allocated for pilot signal transmissions in proportion to the number of devices sharing the radio resources, which considerably degrades the throughput performance due to an increase of the pilot overhead for given radio resources. Such pilot shortage problem in IoT scenarios may become a bottleneck to deliver IoT services in cellular networks [8] , [12] .
Utilizing non-orthogonal pilot signals within the existing cellular systems can provide a chance to support more IoT devices with little expenses. Most of studies for the use of non-orthogonal pilot signals have been carried out in time division duplex (TDD) massive MIMO systems [13] - [18] due to the severe pilot shortage problem, while little studies have been done in FDD-based cellular networks. Since the proposed solutions in [13] - [18] used the channel reciprocity property valid in TDD systems only, they cannot be directly applicable to the existing FDD-based cellular systems.
Motivated by this, this paper proposes a novel channel estimator to acquire uplink CSI of IoT devices via nonorthogonal pilot signals in FDD-based cellular networks. The proposed channel estimator provides an interferencecancelled environment during the channel estimation procedure by reconstructing the non-orthogonal pilot signals and removing their effects. Such framework can be compatible with the existing cellular networks without significant modifications. The proposed channel estimator can overload more pilot signals with a limited amount of radio resources, which enables to accommodate more IoT devices at the expense of a slight loss of the channel estimation accuracy, compared to the use of orthogonal pilot structure. We verify the effectiveness of non-orthogonal pilot structure on supporting more IoT devices with a limited radio resources thorough extensive simulations in terms of a mean squared error, a bit error rate, and a network throughput.
The rest of the paper is organized as follows. In Section II, we describe a system model. In Section III, we propose a novel channel estimator using non-orthogonal pilot signals. In Section IV, we evaluate the performance of the proposed scheme from various perspectives through simulations. Finally, we draw conclusions in Section V.
II. SYSTEM MODEL
We consider an orthogonal frequency division multiple access (OFDMA) based FDD cellular networks, e.g., FDDbased LTE/LTE-A networks. The BS has multiple J antennas and all IoT devices have a single antenna each. We denote the set of indices of antennas at the BS as J = {1, 2, · · · , J }. A large number of IoT devices are activated and they have their own independent short data packets to be reported to the BS. The activated IoT devices are assumed to be fully connected with the BS after completion of random access (RA) procedures, so their communications are controlled by the BS in a centralized way.
We assume that the total number of activated IoT devices is U . The BS supports U IoT devices by utilizing independent M uplink radio resources, i.e., U = M × I . Each of radio resources is simultaneously shared by I IoT devices when they transmit their own data packets to the BS as shown in Fig. 1 . It is worth noting that the maximum number of data streams that can be supported by antenna technique is less than equal to the number of antennas at the BS, i.e., I ≤ J . We denote the set of the indices of the IoT devices sharing the corresponding radio resources as I = {1, 2, · · · , I }. Each of the allocated radio resources consist of N sc subcarriers in frequency domain and N R OFDM symbols in time domain, where N R symbols are composed of N P pilot symbols (or pilot signals) and N D data symbols, i.e., N R = N P + N D . 1 Obviously, the ratio between N P and N D for given N R determines a pilot overhead. In our system model, to clearly shed light on the effect of pilot structure (orthogonal or non-orthogonal pilot signals) on both the channel estimation accuracy and the data decoding performance with the corresponding estimation results, we set N P to 1, which can be also compatible with the existing LTE/LTE-A systems. 2 We assume that the entire symbols within each of packets experience the same channel. Accordingly, channel estimate from the pilot signal can be used to decode the data symbols within the packet.
A. PILOT SIGNAL TRANSMISSION WITH ZADOFF-CHU SEQUENCE
We exploit a Zadoff-Chu (ZC) sequence as a root sequence for generating pilot signals, where the ZC sequence has the following properties [19] , [20] :
• Property 1 : The auto-correlation with its circularly shifted version is a delta function, i.e., c rr
, where z r [n], n zc , c rr [α] , and (·) * represent a ZC sequence with root index of r, the ZC sequence length, the discrete periodic autocorrelation function of z r [n] at lag α, and the complex conjugate, respectively.
• Property 2 : The absolute value of the cross-correlation between any two ZC sequences with different root indices, r and r , is constant, i.e., |c
√ n zc , for r = r . Due to the above excellent correlation properties, the ZC sequence has been adopted for the uplink demodulation reference signal (DMRS) in LTE/LTE-A systems [9] , [21] , [22] . Since the pilot symbol is time-multiplexed within each of packets to acquire channel estimate for a coherent demodulation at the BS, the pilot symbol and data symbols occupy the same bandwidth. Let L p denote the pilot length in frequency domain, i.e., L p = N sc . For ease of explanation, we do not consider both CP insertion and up-sampling during the timedomain pilot signal generation. Accordingly, the pilot signal in discrete time domain has N sc samples due to the property of discrete Fourier transform (DFT).
The elements of the ZC sequence with a root index r can be represented in time domain as
where r is a positive integer with r < L p . The multiple orthogonal pilot signals can be generated by cyclically shifting the r-th root ZC sequence that has not been shifted, so called a base sequence or a reference sequence, in time domain. During the resource allocation phase, the BS informs each of IoT devices of its pilot signal information, i.e., a root index of ZC sequence and the amount of cyclic shift. The pilot signal generated from the IoT device i ∈ I can be expressed as
where r i and m i denote the root index and the amount of cyclic shift assigned to the IoT device i, respectively. Specifically, r i and m i are given by
and
where i mod ψ := i − ψ · i/ψ . Here, a and a represent the smallest integer greater than or equal to a and the largest integer less than or equal to a, respectively. Moreover, ψ denotes the number of orthogonal pilot signals that can be generated from a single base sequence, i.e., ψ = L p /n cs , and n cs denotes a cyclic shift size larger than the channel tap length corresponding to the maximum delay spread. Accordingly, (3) implies that the BS can allocate the orthogonal pilot signals to the maximum ψ devices by using only a single base sequence. It is worth noting that if only a single base sequence is employed at the BS as in the existing cellular systems, e.g., LTE/LTE-A networks, then the maximum number of supportable IoT devices is limited by ψ even if the number of antennas at the BS is larger than ψ, i.e., ψ < J . Different from the conventional scenario, i.e., I ≤ ψ ≤ J , we consider the scenario that the number of IoT devices sharing the same radio resources is larger than the number of available orthogonal pilot signals from a single ZC sequence, i.e., ψ < I ≤ J . Hence, two or more ZC sequences are necessary as base sequences to generate sufficient pilot signals to support I devices even though the entire pilot signals are not orthogonal to each other. 3 Accordingly, the minimum number of base sequences required to support I devices can be defined as κ = I /ψ .
When I IoT devices transmit the pilot symbols simultaneously, the received signal of the j-th antenna of the BS in time domain is given by
where β, w [n] , and ⊗ represent the signal strength, the complex additive white Gaussian noise (AWGN) with zero mean and variance σ 2 , i.e., w[n] ∼ CN (0, σ 2 ), and a circular convolution operation, respectively. Moreover, h j,i [n] indicates the multi-path fading channel between the i-th IoT device and the j-th antenna of the BS, which can be further expressed as
where L t and h l j,i represent the channel tap length and the l-th tap gain, respectively, and δ[·] is a Direct delta function. The channel coefficients for ∀i ∈ I and ∀j ∈ J are estimated via the proposed channel estimator which will be described in Section III.
B. DATA TRANSMISSION AND DECODING
Similar to the pilot signal transmission, when I IoT devices transmit data symbols, the received signal of the j-th antenna of the BS is given by
where q ∈ {1, · · · , N D }. Here, γ and s q i [n] represent the signal strength and the q-th data symbol from the i-th IoT
device to the BS, respectively. Note that the data symbols experience the same channel with the pilot symbol due to the coherent time assumption. Once all channel coefficientsĥ j,i [n] for ∀i ∈ I and ∀j ∈ J are estimated from (5) via the proposed channel estimator, then the BS decodes the data symbols by using a zeroforcing (ZF) detector with the estimated CSI. The accuracy of channel estimation considerably affects the decoding performance, which will be evaluated in terms of a bit error rate (BER) and a mean squared error (MSE) in Section IV.
III. PROPOSED CHANNEL ESTIMATOR VIA NON-ORTHOGONAL PILOT SIGNALS
In this section, we explain the proposed channel estimator via non-orthogonal pilot signals. To clearly highlight the difference between the proposed and conventional schemes, we first explain the channel estimator via orthogonal pilot signals as a benchmark scheme in the following.
A. BENCHMARK SCHEME: CONVENTIONAL CHANNEL ESTIMATOR [9] Only a single ZC sequence has been conventionally used as a base sequence to generate orthogonal pilot signals. Multiple orthogonal pilot signals can be obtained from a single ZC sequence by applying cyclic shift operation, but their number is limited. For given amount of radio resources, using more radio resources for pilot signal transmissions can increase the number of available orthogonal pilot signals, but it makes lose the chance of data transmissions.
When a single ZC sequence is considered, the BS can simply estimate the wireless channel by calculating a correlation between the received signal and the base sequence as shown in Fig. 2(a) . The same procedures are conducted at each antenna of the BS to estimate all channels between each of devices and the antennas of the BS. For example, let us consider the received signal at the j-th antenna of the BS, y j . Suppose z r is a base sequence of ψ orthogonal pilot signals such that I ≤ ψ. Then, the correlation between y j and z r at the lag α can be represented as (11) , as shown at the top of this page, where α = 0, · · · , L p − 1 and (·) * is a complex conjugate. Note thatw [α] has the same distribution with w[n], i.e.,w[α] ∼ CN (0, σ 2 ) [23] .
From (11), we can see that multiple channel impulse responses (CIRs) corresponding to the multi-paths of I devices are well captured in the correlation result and the 53422 VOLUME 7, 2019 additive Gaussian noise degrades the channel estimation performance. Decorrelating the received signal and separating the CIRs in time domain can produce the channel estimates between all IoT devices and the j-th antenna of the BS, i.e.,h j,i [n], ∀i ∈ I [10] . Note that this is called a DFT-based channel estimation [9] , [10] , where the estimation result is similar to that of least squared (LS) estimator.
Although the orthogonal pilot signals with a single decorrelator is used in standard [9] , we note that the BS can also adopt non-orthogonal pilot signals by using two or more ZC sequences. In this case, the conventional estimator should be equipped with multiple decorrelators, i.e., decorrelator banks, as shown in Fig. 2(b) . However, good performance cannot be expected due to the non-zero mutual correlations among the ZC sequences having different root indices, i.e., the interference among non-orthogonal pilot signals.
B. PROPOSED CHANNEL ESTIMATOR VIA NON-ORTHOGONAL PILOT SIGNALS
In this subsection, we propose the novel channel estimator via non-orthogonal pilot signals to support the scenario that ψ < I ≤ J .
1) OBJECTIVE
Utilizing multiple ZC sequences as the base sequences can increase the number of available pilot signals without using extra radio resources. However, as such, it incurs some additional interferences due to non-orthogonality, and thus, as shown in Fig 2(b) , simply employing the decorrelator banks, i.e., multiple decorrelators, as many as the utilized ZC sequences cannot guarantee good channel estimation performance. Specifically, when the decorrelator banks are employed, the correlation result between y j and z r at the lag α, c y j z r [α], can be written by (15) , as shown at the top of the previous page, where I s and I d (= I \ I s ) represent the set of devices using z r as the base sequence and the set of devices not using z r as the base sequence, respectively. Comparing (15) with (11), the second term in (15), i.e., i z r [α] , is additionally produced due to the non-orthogonal pilot signals not generated from z r . Accordingly, to improve the channel estimation accuracy, the additional interference i z r [α] in (15) needs to be removed.
2) KEY FEATURES
To acquire the channel estimatesĥ j,i for ∀i ∈ I and ∀j ∈ J , the BS calculates correlations between the received signal y j and all root sequences z r k , ∀k ∈ K {1, · · · , κ}. The received signal y j is composed of multiple non-orthogonal pilot signals, so the correlation results from decorrelator banks contain noise-like interferences, i.e., i z r k for ∀k ∈ K. Accordingly, the BS pre-processes y j for ∀j ∈ J and differentiates the input signals to each of decorrelator banks to improve the channel estimation performance. That is, the proposed channel estimator separates the received signal into the multiple signals having different base sequences by reconstructing the pilot signals in the pre-process step, i.e., y j → ẑ j r 1 , · · · ,ẑ j r k for ∀j ∈ J and ∀k ∈ K. Then, the BS estimates the channels using cˆzj r k z r k for ∀k ∈ K instead of c y j z r k for ∀k ∈ K in the channel estimation step.
3) PROCEDURE Fig. 2(c) illustrates a channel estimation procedure of the proposed channel estimator. We describe the detailed procedures as the following.
• (Step 1) Pilot signal reconstruction: In this step, the BS sequentially reconstructs the pilot signals from the received signal and subtracts the reconstructed signal at each round to remove the effect of interference on the residual signal. Specifically, the BS calculates the entire power delay profiles (PDPs) with each of base sequences, i.e., p y 
Thereafter, the BS selects the largest peak among the entire results of PDPs as
and reconstructs a signal using the result in (17) . Note that the selected peak contains the information on both channel coefficient and delay. The reconstructed signal at the m-th iteration round can be expressed as = 0 for ∀j ∈ J . The BS iterates the same procedure until the power of residual signal becomes less than the noise power, ε. The overall description is summarized in Algorithm 1. Note that this step is performed for each received signal of all antennas, i.e, y j for ∀j ∈ J .
Algorithm 1 Pilot Signal Reconstruction
Input : y j for ∀j ∈ J and z r k for ∀k ∈ K Output : ẑ r 1 , · · · ,ẑ r κ 1 : for j = 1 to J 2 : Initialize : r
Calculate correlations using all root sequences, i.e., z r k for ∀k ∈ K for ∀j ∈ J and ∀k ∈ K as shown in Fig. 2(c) instead of the received signal, i.e., y j for ∀j ∈ J as shown in Fig. 2(b) . Such differentiation of input signal to each of decorrelator banks can result in significant performance improvement, which will be verified in Section IV. The remaining channel estimation procedure is the same as the conventional one described in section III-A. Obviously, the proposed channel estimator has the additional pilot signal reconstruction step, which requires higher computational complexity compared to the conventional channel estimator. The most computing-power is consumed during the calculation of correlations, so we consider the total number of correlation operations as a performance metric of the computational complexity. In our proposed channel estimator, the total number of correlation operations can be expressed as [24] :
where L t is the channel tap length. Specifically, I × L t × κ correlations are required in the pilot signal reconstruction step, i.e., line 4 in Algorithm 1, and κ correlations are required in the channel estimation step. On the other hand, the required total number of correlation operations in the conventional one is κ. Note that the complexity of our proposed scheme linearly scales as (I ), 4 which implies that our proposed scheme can be configured at the BS without much extra costs. Fig. 3 compares the number of correlation operations between the conventional estimator and the proposed estimator, when ψ is set to 4 [11] , [25] . Fig. 3 shows a steep increase of the number of correlation operations at every multiple of ψ. This is because the BS allocates more ZC sequences as base sequences. Fig. 4 plots the mean squared error (MSE) between the reconstructed channel coefficient (e.g., line 7 in Algorithm 1) and the corresponding actual channel coefficient at each iteration round, 5 m, i.e., c (m) y j z r k
[α] and h α j,i , respectively, when ψ = 4, L p = 72, and L t = 3. On average, L t × I iterations are required to recover pilot signals. As the iteration proceeds, the MSE decreases in the first few rounds and then increases. The gain of interference cancellation is larger than the effect of channel estimation error propagation in the first few rounds, which is vice versa beyond a certain iteration round. Fig. 5 shows the channel estimation results when two nonorthogonal pilot signals are multiplexed. This figure shows that the proposed channel estimator estimates the original channel realizations with a high accuracy, while the conventional estimator does not. This is because the conventional estimator does not include any pre-processing procedure to manage the interferences among non-orthogonal pilot signals [9] . 
IV. PERFORMANCE EVALUATION
We perform the link-level simulations using Matlab to evaluate the proposed channel estimator in terms of MSE, BER, and network throughput. We run the simulations 10 7 times per point. The specific simulation parameters are listed in Table 1 . To verify the feasibility of our proposed channel estimator in practical IoT scenario, we consider ITU Pedestrian B channel model which is widely adopted to describe the wireless channel of fixed/low-mobility IoT devices [26] . For data modulation, we consider an uncoded binary phase shift keying (BPSK). We consider the conventional channel estimator with multiple decorrelators in Fig. 2(b) as the baseline scheme throughout the simulations. Note that the conventional channel estimator with multiple decorrelators works as that with a single decorrelator standardized in [9] for I (≤ ψ) devices where only a single ZC sequence is enough. It can also support I (> ψ) devices with multiple ZC sequences. In the following, we call the conventional channel estimator with multiple decorrelators the conventional channel estimator. Fig. 6 compares the mean squared error (MSE) between the conventional channel estimator and the proposed channel estimator according to the number of IoT devices sharing the same radio resources, I , for various combination of ψ and ρ, where ρ is the signal-to-noise ratio (SNR) of the pilot signals.
The pilot length and the number of antennas are set to 72 and 8, respectively, i.e., L p = 72, J = 8. This figure shows that the MSEs of both channel estimators have the constant values when I ≤ ψ, while they gradually increase when I > ψ. This is because the BS is able to allocate the orthogonal pilot signals to each I device by using a single ZC sequence when I ≤ ψ, while the BS uses more than one non-orthogonal ZC sequences to allocate the pilot signals to each IoT device when I > ψ. However, the proposed channel estimator always outperforms the conventional channel estimator since the acquired signal after CIR separation which corresponds to the channel estimate hardly contains the noise components due to Algorithm 1.
It is also shown that the MSE of the proposed scheme is inversely proportional to the SNR when I ≤ ψ, which shows the similar tendency with the well-known result for the MSE of the least squared (LS) estimator. This is because the desired signals can be well obtained for the high SNR. Interestingly, when I > ψ, the MSE of the proposed channel estimator becomes independent on the SNR since the amount of interference among non-orthogonal pilot signals also increases according to the SNR. is improved as L p increases. This is because the accuracy of the pilot signal reconstruction in the pilot reconstruction step is improved as L p increases. Specifically, the crosscorrelation among ZC sequences with different root indices is bounded by 1/ L p as described in Section II-A. Accordingly, the effect of interferences from the non-orthogonal pilot signals on the desired pilot signal as well as the error propagation effect during the pilot reconstruction phase can be reduced as the pilot length increases. Since the proposed scheme is based on the signal recovery and cancellation, increasing the pilot length can improve the performance of the proposed scheme. On the contrary, the conventional channel estimator does not have any interference management functionality during the channel estimation process, and thus it does not show any dependency on the pilot length. The most important factor to the conventional estimator is the signal strength which is already shown in Fig. 6(a) . In both cases, the MSE performance degrades as the non-orthogonality among pilot signals, i.e., I /ψ, increases since the interference among ZC sequences becomes severe. Fig. 6 . Accordingly, the overall observations from this figure are similar to those of Fig. 6 . Note that even though several points have the value of zero, they cannot be expressed in this log-scale plot. Those points are related to the points with low MSE values in Fig. 6 . Especially, due to the same reason, the results with diamond markers cannot be expressed in Fig. 7(b) . Since the proposed scheme can provide better channel estimation results compared to the conventional one, it is obvious that its average BER performance is superior to that of the conventional one. On the contrary, the conventional channel estimator shows the significant degradation in the BER due to the inaccurate channel estimations. For the proposed channel estimator, the average BER performance degrades as the number of IoT devices increases due to the error propagation effects during the signal reconstruction phase. This phenomenon becomes more severe as the pilot length is shortened. We define the network throughput as the number of IoT devices which succeed in their data transmissions without a bit error. When total I devices attempt the uplink transmissions, the achievable network throughput is given by
where p b denotes an average BER. Note that the success probability 1 − p b decreases as I increases, while the total number of IoT devices participating in data transmissions increases. Accordingly, there exists an optimal number of devices I to maximize the network throughput, which is given by I = arg max I η (I ). The optimal solution is found by numerical search due to the intractable form of p b .
In Fig. 8 , the network throughput linearly increases when I ≤ ψ. This is because orthogonal pilot structure is sufficient enough to support this case and it can provide good channel estimates. On the contrary, when I > ψ, the number of pilot signals using orthogonal pilot structure becomes a performance bottleneck even if the number of antennas is sufficient to exploit the multiple data streams. In this case, utilization of non-orthogonal pilot structure is inevitable. Using the non-orthogonal pilot signals with the conventional estimator slightly increase the network throughput, but dramatic performance gain cannot be expected. Unlike the conventional scheme, the proposed estimator always outperforms other comparison groups and the performance gain becomes larger as L p increases. As L p increases, the performance of the proposed estimator converges to that of the case of perfect CSI. Note that our proposed channel estimator is able to work for the general I and the maximum number of supportable I can be increased in proportion to J and L p .
V. CONCLUSIONS
In this paper, we proposed a novel channel estimator which enables the BS to acquire uplink CSI via non-orthogonal pilot signals in FDD cellular networks. The proposed channel estimator can estimate the wireless uplink channels with the ZC sequence based non-orthogonal pilot signals in an interference-cancelled environment by reconstructing the non-orthogonal pilot signals and removing their effects during the channel estimation procedure. Through extensive simulations, we validated the superiority of the proposed scheme compared to the conventional channel estimators in terms of MSE, BER, and network throughput. Simulation results revealed that the proposed channel estimator can provide the high IoT connectivity without much loss of channel estimation accuracy.
The proposed channel estimator can be compatible with the existing cellular networks with high flexibility because the proposed channel estimator is developed based on the channel estimation framework of the current communication systems. Obviously, if the radio resources are sufficient, using the orthogonal pilot structure may have the best performance. However, in most IoT scenarios, the amount of radio resources is limited and a number of IoT devices should be accommodated with such limited resources. Therefore, we conclude that the proposed channel estimator based on non-orthogonal pilot signals can efficiently provide better connectivity for IoT scenarios.
